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Abstract
A wind turbine’s power curve relates its power production to the wind speed it experiences. The typical
shape of a power curve is well known and has been studied extensively; however, the power curves of
individual turbine models can vary widely from one another. This is due to both the technical features of
the turbine (power density, cut-in and cut-out speeds, limits on rotational speed and aerodynamic efficiency),
and environmental factors (turbulence intensity, air density, wind shear and wind veer). Data on individual
power curves are often proprietary and only available through commercial databases.
We therefore develop an open-source model which can generate the power curve of any turbine, adapted
to the specific conditions of any site. This can employ one of six parametric models advanced in the
literature, and accounts for the eleven variables mentioned above. The model is described, the impact of
each technical and environmental feature is examined, and it is then validated against the manufacturer
power curves of 91 turbine models. Versions of the model are made available in MATLAB, R and Python
code for the community.
Keywords: wind turbine, power curve, parametric model, open-source, validated
1. Introduction
The power curve of a wind turbine relates the speed of the wind flow intercepted by the wind turbine
rotor to its electrical output. A power curve is needed at different stages of the lifetime of a wind farm. Prior
to its market introduction, the power curve of a newly designed turbine must be assessed to validate its
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performance. Project developers use power curves together with wind information to evaluate the economic
viability of developing a wind farm. When operating, the aerodynamic efficiency of a turbine may evolve
over time due to wear of turbine components, dirt accumulation on the wind turbine blades, and many other
effects (Brown, 2012). Evaluation of the power curve during the lifetime of a wind farm is therefore useful
to monitor the state of health of the turbines (Brown, 2012) and degradation due to ageing (Staffell and
Green, 2014; Shin and Ko, 2017; Dai et al., 2018). Power curves are also used to estimate the aggregated
power production of wind farms, and their integration into national power systems and electricity markets
(Gonzalez Aparicio et al., 2016; Staffell and Pfenninger, 2016).
There has been extensive research on methods for assessing power curves over the last decades (Elliott
and Cadogan, 1990; Sumner and Masson, 2006; Kaiser et al., 2007; Gottschall and Peinke, 2008; Rareshide
et al., 2009; Wagner et al., 2009; Albers, 2010; Wharton and Lundquist, 2012). Indeed, the quality of
power curves is a critical issue since the risk involved in the building and operation of wind farms depends
directly on the accuracy of this information. Ideally, power curves should be measured in a wind tunnel
under controlled conditions. Due to the large dimensions of modern wind turbines, power curves can only
be evaluated in real outdoor conditions, making robust assessment difficult due to the spatial and temporal
variations of the wind speed. In addition, measurement procedures recommended in the IEC standard
61400-12-1 (IEC, 2005) are continuously improved (PCWG, 2015). All these activities jointly contribute to
the increased accuracy of assessed power curve and in a reduction of the acquisition time needed to evaluate
them.
Power curves are assessed and made available by turbine manufacturers after the correction of different
issues, such as turbulence intensity, wind shear, wind veer, up-flow angle; following the procedures defined
by the IEC standard 61400-12-1 (IEC, 2005). These power curves can be found in the product sheets of
wind turbines or in databases which collate numerous power curves, such as thewindpower.net (2018) or
WindPRO (Jens Villadsen, 2010), which are used in this study. While convenient, these databases are
not freely available. Unfortunately, power curves of many wind turbines remain difficult to find and, when
available, information such as the reference turbulence intensity or the air density is frequently missing. This
lack of information leads to a non-negligible uncertainty in the power calculation of a given turbine at best,
and to the impossibility of performing such calculation at worst. It is particularly an issue in prospective
analyses of the energy mix where power curves are required for each individual turbine installed across a
wide area (Gonzalez Aparicio et al., 2016; Staffell and Pfenninger, 2016). This paper addresses these issues
mentioned above: the availability of power curves and the consideration of environmental parameters, by
proposing a parameterised power curve model where the impact of turbulence intensity, wind shear, wind
veer and air density are explicitly considered.
There are different possibilities for estimating the power production from wind speed data when the power
curve is unknown. One approach consists of using a statistical model whose parameters are trained on joint
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measurements of power output and meteorological inputs for a historical period. An impressive number
of analytical and statistical tools have been identified, including polynomial models, linearised segmented
models, neural networks and fuzzy methods Lydia et al. (2014); Sohoni et al. (2016).
If statistical models look similar to a power curve at first glance and can be exchanged in some appli-
cations, they differ on some important points. Firstly, statistical models capture the relationship between
wind speed and net (rather than gross) power production, including potential wake effects, the impact of the
local orography, wind turbine availability or even systematic errors in the wind speed data. These factors
should be disentangled as the gross turbine production is of interest. Secondly, supervised statistical models
require training data and therefore they cannot be used to model a planned wind farm or to simulate a fleet
of wind farms where available measurements do not yet exist. In the latter case, the use of power curve is
unavoidable and the lack of information is often addressed by choosing equivalent power curves based on the
similarity between the desired turbine and those for which a power curve is available (Becker and Thra¨n,
2017). However, even this approach lacks a widely recognised and validated rationale.
As described in numerous studies on the dynamics of wind turbines (Heier, 2014; Tian et al., 2017),
the behaviour of the power production of a turbine can be estimated as a function of the wind speed using
general characteristics of the turbine and a power coefficient model. To the best of our knowledge, the
use of such models for generating power curves has not been systematically studied and validated so far.
The physically-based approach suggested here uses the rated power and the rotor dimension as the main
input parameters, and allows other operating characteristics, which are also standard information, to also
be specified (such as cut-in and cut-out wind speed, or minimal or maximal rotational speed). This work
relies on existing analytic power coefficient functions describing the aerodynamic efficiency of the blade
published in the literature such as e.g. (Heier, 2014; Dai et al., 2016) but other input data stemming from
blade measurements or numerical calculation can be used instead. Finally, the model proposed here offers
the possibility to explicitly account for environmental factors such as turbulence intensity, air density, wind
shear and veer.
This paper is structured in six main parts. A comprehensive description is given in section 2 of the
different steps necessary to evaluate a power curve from general characteristics of a wind farm, such as
the rotor area or the nominal power. This section also includes a discussion on the consideration and
influence of external environmental parameters. Owing to the numerous input parameters of the model,
a sensitivity analysis and statistical analysis of these parameters are described in section 3 and section 4,
respectively. The results of our validation are summarised in section 5, where the model output has been
compared to power curve from thewindpower.net (2018) database. Some insights on the limitations and
possible improvements to the proposed model are discussed in section 6, as well as on its possible domains
of application. Implementations of the proposed model in Python, R and MATLAB are also provided as
supplementary material to this paper.
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2. Methodology
2.1. Operating regions of a wind turbine
Power curves are traditionally divided into four operation regions, as shown in Figure 1 and detailed
below. At very low wind speeds, the torque exerted by the wind on the blades is insufficient to bring
the turbine to rotate. The wind speed at which the turbine starts to generate electricity is called cut-in
wind speed and is typically between 3 and 4 m/s. Region I corresponds to wind speeds below this cut-in
wind speed. Power can be consumed in this region from turbine electronics, communications and heating /
de-icing of blades, although these ancillary loads are not included in power curves.
Above the cut-in wind speed, there is sufficient torque for rotation, and power production increases
with the cube of wind speed before reaching a threshold corresponding to the rated power of the turbine
(or nominal power) that is designed to not exceed. The lowest wind speed at which the nominal power is
reached is called the rated (or nominal) wind speed and is typically between 12 and 17 m/s. Region II is
delimited by the cut-in and the rated wind speed, and corresponds to an interval where the wind turbine
operates at maximal efficiency. There are, however, some exceptions to the optimal operation of the wind
turbine in this region. Firstly, while an optimal operation requires the rotational speed to be proportional to
the wind speed, the speed of rotation is bounded by lower and upper limits. Secondly, at high wind speeds,
the turbine can sometimes be deliberately operated at lower power to reduce rotor torque and noise levels
(Luo et al., 2017).
For wind speeds above the rated wind speed, the wind turbine is designed to keep output power at the
rated power, which cannot be exceeded. This can be achieved by means of a stall regulation or pitch control.
The latter solution consists in adjusting the pitch angle of the blades to keep the power at the constant level
and is overwhelmingly used in modern large turbines. Region III corresponds to wind speed values where
the turbine operates at its rated power, and is bounded by the nominal wind speed and the cut-off wind
speed, which is introduced below.
The forces acting on the turbine structure increase with wind speed, and at some point the structural
condition of the turbine can be endangered. To prevent damage, a braking system is employed to bring the
rotor to a standstill (Wood and Wollenberg, 1996). The cut-off wind speed corresponds to the maximum
wind speed a wind turbine can safely support while generating power and is usually about 25 m/s. Region
IV includes all wind speeds larger than the cut-off wind speed. Some manufacturers have introduced storm
control in larger-bladed turbine models, where the power is gradually reduced (e.g. from 21 m/s up to 25
m/s) to prevent such drastic loss of power at the cut-out speed.
Figure 1 shows the different operating regions described above as well as the evolution of the main
operating parameters of a wind turbine: pitch angle, rotor speed and tip-speed ratio (TSR). This visual
representation is based on previous works (Kvittem et al., 2012; Campagnolo and Petrovic, 2016; Avossa
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et al., 2017; Dai et al., 2016).
Figure 1: Operating regions of a wind turbine and evolution of pitch angle, rotation speed and tip-speed ratio (TSR) with
wind speed
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2.2. Parametric wind turbine power curve
The wind power calculation for regions I, III and IV is trivial with the information typically available
on a wind turbine1. However, the description of the power curve in region II is complex and methodologies
to improve it are still being researched. Between the cut-in and the rated wind speeds, the wind power
production PWT can be calculated by Eq. (1) as a function of the wind speed VWS , air density ρ, rotor area
Arotor and power coefficient Cp(λ, β), with λ being the tip-speed ratio and β the blade angle (Heier, 2014):
PWT =
1
2
ρArotorV
3
WSCp(λ, β) (1)
Rotor area is straightforward to obtain and data on air density are readily available, although it should be
noted that density at a specific site varies over time for a specific site (for example between 1.1 kg/m3 and 1.3
kg/m3 between summer and winter in Germany (Pfenninger and Staffell, 2016). That said, the parameter
with the largest uncertainty in Eq. (1) is the power coefficient Cp(λ, β)t which ultimately depends on the
wind speed.
Parametric model of the power coefficient Cp(λ, β)
The power coefficient Cp(λ, β) expresses the recoverable fraction of the power in the wind flow. This
quantity is generally assumed to be a function of both tip-speed ratio λ and blade pitch angle β (Heier,
2014). The power coefficient can either be evaluated experimentally or calculated numerically using blade
element momentum (BEM), computational fluid dynamics (CFD) or generalised dynamic wake (GDW)
models (Slootweg et al., 2001; Dai et al., 2012, 2016). A less accurate but convenient alternative consists in
using numerical approximations. A few empirical relations can be found in the literature (see e.g. (Heier,
2014)) with the general form:
Cp(λ, β) = c1(c2/λi − c3β − c4λiβ − c5β
x − c6)e−c7/λi + c8λ
λ−1i = (λ+ c9β)
−1 − c10(β3 + 1)−1
(2)
The above equation reflects the general relationship of the power coefficient Cp with λ and β. Different
values can be found for the model coefficients ci. In our study, six different parameter sets from different
authors have been considered (Slootweg et al., 2003; Thongam et al., 2009; De Kooning et al., 2013; Ochieng
et al., 2014; Dai et al., 2016). These different parameterisations are listed and illustrated in Appendix A.
We limit the extent of the analysis to six parameterisations but our approach can be easily extended to any
other parametric models or numerical data.
1The cut-in, cut-off and rated wind speed as well as the rated power are typically given in wind turbine product sheets. If
not available, missing parameters can still be estimated, as explained later.
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Determination of the blade pitch angle, β, as a function of wind speed
If we assume that the wind turbine is designed to achieve its maximum efficiency in region II, the blade
pitch angle can be set to zero between the cut-in and the nominal wind speed. Indeed, it is usually assumed
that the blade pitch is only used to limit the power production to the nominal power in region III (Dai et al.,
2016; Avossa et al., 2017; Luo et al., 2017) and our modelling assumption seems therefore reasonable. That
said, pitch angle can be used in regulation strategies that aim to limit noise emissions or mechanical effects
on the turbine structure within region II as well (Luo et al., 2017). Such strategies are not considered in the
present work and their integration in our modelling approach may be the subject of future developments.
Determination of the tip-speed ratio λ as a function of the wind speed
The tip-speed of the blade is equal to the product of the rotational speed of the rotor ω and the rotor
radius, Drotor/2. We can therefore express the tip-speed ratio as a function of the rotor rotational speed
and radius as well as of the wind speed VWS as follows:
λ =
ω · (Drotor/2)
VWS
(3)
As explained above, the aerodynamic efficiency of the wind turbine depends on the tip-speed ratio λ.
The maximum power yield in region II is therefore obtained for λopt namely the value that maximises Cp
for a given wind speed:
λopt = arg max
λ,β=0
Cp(λ, β) (4)
Considering Eq. (3), if the wind turbine is operating at constant tip-speed ratio, the rotational speed of
the rotor ω should vary proportionally to the wind speed VWS . This is only possible in the operating range
of the turbine, which is bounded by ωmin and ωmax. This constraint should be taken into account in the
estimation of λ according to Eq. (3). Based on previous works (e.g. (Kvittem et al., 2012; Avossa et al.,
2017)), we use a simple approach, which consists in estimating the value of λ using the rotational speed ω
as follows:
ω = min
(
ωmax,max
(
ωmin,
λopt
Drotor/2
· VWS
))
(5)
As illustrated in Figure 1, the rotational speed ω given by Eq. (5) corresponds to λopt but is bounded
between ωmin and ωmax. It can be observed that the maximum value of Cp with constrained rotational
speed ω is obtained with Eq. (5) due to the monotonic behaviour of the function Cp(λ) for λ < λopt and
λ > λopt respectively.
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2.3. Considering the effect of external parameters on the power curve
As summarised later in section 2.4, the relationships and modelling assumptions described in section 2.2
are sufficient for estimating the power curve of a wind turbine. However, this power curve corresponds to
ideal operating conditions and external factors should be taken into consideration to better simulate the
behaviour of a wind turbine in real conditions. These factors are the turbulence intensity, air density, wind
shear and wind veer, inflow angle and wake effects.
Wake effects are strongly dependent on the specific layout of a wind farm, particularly the number of
turbines and their spacing. Wake losses amount to approximately 11 to 13 % for turbines spaced 7 to 9
turbine diameters apart (Gonza´lez-Longatt et al., 2012; Bosch et al., 2018). As the losses are time-varying,
due to wind speed and its prevailing direction, they can not be considered further in the present work. The
inflow angle results from the effect of the orography on the wind but, since it depends on the site and less
on the wind turbine itself, it is not considered here. The effects of the remaining parameters on the power
curve are evaluated next.
The effect of turbulence intensity on the power curve
The power curve derived in the previous section corresponds to the ideal case of a laminar and stationary
wind conditions, which rarely occurs in practice. Since the relationship between wind power and wind
speed is non-linear, the effect of high frequency variations in the wind speed on the power must be taken
into consideration (Nørgaard and Holttinen, 2004). This is usually realised by considering the turbulence
intensity (TI) defined as:
TI =
σ(u)
µ(u)
(6)
In the above equation, µ(u) represents the mean wind speed and σ(u) the standard deviation of the wind
speed measured at a frequency of 1Hz or higher in a time period of 10 minutes (IEC, 2005). Typical values
for the average turbulence intensity range from 5 to 15 %. When no time series of the turbulence intensity
is available, it is usual to assume a constant value of the turbulence intensity for a particular site.
Numerous works have been produced to evaluate and model the effect of the turbulence intensity on the
power production of wind turbines (Clifton and Wagner, 2014; Bardal and Sætran, 2017). In this work,
the impact of the turbulence intensity on the power curve is pragmatically calculated by assuming that
short-term variations of the wind speed2 follow a Gaussian distribution with mean U = µ(u) and standard
deviation U · TI (see e.g. (Albers, 2010)). With this assumption the effect of the turbulence intensity on
2 The typical maximum of the spectral density of the wind speed has its maximum in the frequency range of about 1/100
Hz, while even large wind turbines can accelerate and decelerate the rotor within only a few seconds (frequency of response
higher than 1/10 Hz). (Albers, 2010)
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the power curve for a wind speed U can be considered by making a convolution between the original power
curve and a Gaussian Kernel of mean U and standard deviation U · TI and taking the resulting power for
the wind speed U. This calculation is illustrated in Figure 2.
Figure 2: Illustration of the method used to calculate the effect of turbulence intensity on the power curve: the upper, middle
and lower plots represent respectively the original power curve, the different Kernels and the final power curve. An example of
calculation for a wind speed of 11 m/s is provided.
In Figure 2, the upper, middle and lower plots represent respectively the original power curve, the
9
different Kernels and the final power curve. The modified power value is the weighted average of power
values at wind speeds between 9 and 13 where the weights are the blue kernel of the middle plot. The
vertical light grey lines represent the weighted average. The same procedure is iterated for each wind speed
with the different kernels represented in the middle plot.
The effect of the turbulence intensity on a power curve is illustrated in Figure 3 for different values of
the turbulence intensity between 0 and 15%, using the power curve of a 2-MW wind turbine with a rotor
diameter of 80 m. This example shows clearly that the effect of the turbulence intensity can be significant,
especially around the nominal wind speed. This parameter is therefore of paramount importance for the
estimation of the power curve in real condition. It will be taken into consideration in the comparison of the
model output with manufacturers power curves in section 5.
Figure 3: Illustration of the effect of the turbulence intensity on a power curve
As can be seen in Figure 3, the turbulence intensity has no effect on the sudden power decrease as
the wind speed exceeds its cut-off value. It was indeed decided not to apply the smoothing effect of the
turbulence intensity in this region since the cut-off is not activated based on high frequency wind speed but
based on a longer time average. In addition, an hysteresis implemented for the restart of the wind turbine
as the wind speed decreases below the cut-off value hinders using the kernel convolution approach for the
calculation of the TI effect on the power production.
The effects of the air density on the power curve
With the approach proposed in this work, the consideration of air density on the power curve is explicit
and straightforward, as is illustrated for values varying between 1.15 and 1.3 kg/m3 in Figure 4. The
reference value for the air density is set to 1.225 kg/m3, which lies in the middle of the variation interval.
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It can be observed in Figure 4 that the impact of varying air density on the power curve is much lower than
the effect of the turbulence intensity. Yet, it impacts the power curve across the whole range of Region II,
where the frequency of occurrence is generally high and a careful consideration of this external factor should
therefore be made.
Figure 4: Illustration of the effect of the air density on a power curve
The effects of the wind shear and the wind veer on the power curve
Wind speed is not uniform across the wind turbine’s rotor plane, as it increases with height through
the atmospheric boundary layer. The vertical wind profile can be described in several ways (Schallenberg-
Rodriguez, 2013), such as the logarithmic profile which depends on the roughness length, friction velocity
and stability parameter. In many applications, the simpler power law model is used which relates the ratio
of the wind speeds at two heights with the power of the ratio of the two heights:
u(z) = u(zhub) ·
(
z
zhub
)α
(7)
Where u(zhub) is the wind speed at hub height, zhub, and u(z) is the wind speed at height z. In this
equation, α is the Hellman or shear coefficient, which quantifies the wind shear and varies typically between
0 and 0.4. The effect of the wind shear on the vertical profile of the wind speed in the region of a rotor
area is illustrated in the middle panel of Figure 5. In this example, a hub height of 60 meters and a rotor
diameter of 80 meters have been assumed.
Wind veer is defined as the change in wind direction as a function of height. It has been shown that
wind veer does exist in typical wind situations (Ivanell et al., 2010). To consider wind veer, we assume that
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the change in wind direction is zero at hub height and varies linearly with height according to:
∆ϕ(z) = v · (z − zhub) (8)
In the above equation, the parameter v quantifies the evolution of the difference in wind direction ∆ϕ(z)
as a function of the height difference (z− zhub). Based on the statistical analysis of Ivanell et al. (2010), we
assume that this parameter can vary between 0 and 0.75◦/m. The wind veer is illustrated in the right plot
of Figure 5.
Figure 5: Illustration of wind shear and wind veer across the wind turbine rotor. The left panel illustrates a turbine rotor
divided into horizontal bands, corresponding to those in Eq. (9). The middle and right panels illustrate the variation in wind
speed and direction with height.
To evaluate the impact of wind shear and veer on the power curve, we follow the approach that is
recommended in a revision of the IEC standard (CDV IEC 61400-12-1, Ed. 2, 2015), which consists in
replacing the wind speed at hub height by a rotor equivalent wind speed Ueq, which is defined as:
Ueq = 3
√∑
i
(
Ai
A
)
· (Ui · cos (∆ϕi))3 (9)
The coefficients Ai correspond to the area of elementary horizontal bands of the rotor area as illustrated
in the left panel of Figure 5. Ui and ∆ϕi corresponds respectively to the wind speed and variation of the
wind direction with respect to that at hub height in the ith horizontal band.
The influences of the wind shear and veer on the power curve of a 2-MW wind turbine with a rotor
diameter of 80 meter and a hub height of 60 meter are represented in Figure 6. The variations in the
power curve illustrated in these two plots were obtained by replacing the wind speed at hub height by the
equivalent wind speed calculated with Eq. (9).
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Figure 6: Influence of the wind shear (a) and the wind veer (b) on the power curve of a typical 2-MW wind turbine (80-meter
rotor diameter and hub-height of 60 meters)
In the upper plot of Figure 6, the impact of the wind shear is barely visible, which is in agreement with
the work of Wagner et al. (2010). The limited effect of the wind shear on the power production can be
explained by two factors. Firstly, larger values of the cubic wind speed above hub height are balanced by
lower values below hub height. It should be however noted that this balancing effect becomes limited as the
vertical distance to the hub height increases. Secondly, the impact of wind speed values far from the hub
height are limited by the area of the horizontal rotor band, which decreases with increasing distance to the
hub height.
In the lower plot of Figure 6, it can be observed that the impact of the wind veer is small yet greater
than that of the wind shear. Indeed, the effect of wind veer is larger that that of the wind shear because
the effective wind speed decreases above and under the hub so that there is no balancing effect. Yet, the
weighting resulting from the horizontal bands of rotor area limits the effect of the vertical change in wind
13
direction on REWS.
We can also observe in Figure 6 that the wind shear and veer are not impacting the power curve in the
cut-off region; we consider indeed that the cut-off is activated based on the measurements of wind speed at
hub height.
The wind shear and veer are both integrated in the codes accompanying this paper. It necessitates
information on the hub height as additional parameter for the generation of power curve.
2.4. Summary of the modelling approach
The main computational steps described in the previous sections are summarised in Figure 7. In the
first step, the rotor speed is evaluated as a function of the wind speed. This is achieved using the optimal
tip-speed ratio evaluated with Eq. (4) and the relationship between wind speed and tip-speed ratio given by
Eq. (3), respecting the operational range of the rotor speed [ωmin;ωmax]. In the second step, the evolution
of the power coefficient with wind speed is evaluated using the rotor speed ω and a power function Cp(λ, β).
The analytical expression given in Eq. (2) is used in this work, but other expressions can be implemented
instead. In order to differentiate the form of the Cp(λ, β) to its maximal value, the function Cp(λ, β) is
scaled so that its maximal value is the newly introduced parameter Cp,max. The power output of the wind
turbine is evaluated in the third step using Eq. (1). This curve is scaled by the nominal power of the turbine,
and then the cut-in and cut-off wind speeds are applied. The fourth and final step introduces the effect of
the turbulence intensity on the power curve. This is the only external effect that is considered explicitly
in our model, since other effects can be applied by evaluating a rotor equivalent power curve (CDV IEC
61400-12-1, Ed. 2, 2015).
The input parameters of the model are listed in the upper line of Figure 7. These input parameters can
be gathered in three groups of different natures. Firstly, two parameters Cp(λ, β) and Cp,max are related
to the aerodynamic efficiency of the blades. The second group of parameters (TI and ρair) are related to
external conditions. Finally, the last group of parameter includes 6 design characteristics of wind turbines
that can in most cases be found in manufacturer’s product sheets.
As argued in (Pfenninger et al., 2017), energy models should be made open to improve the quality of
science and aid the productivity of other researchers. We therefore implement the model outlined in Figure 7
in three widely-used programming languages, Python, R and MATLAB. The power curve for an arbitrary
wind turbine can be generated by simply specifying the rotor diameter and nominal power output. Sensible
defaults are given for all other parameters, or they can be customised as desired. The model code is available
from Github https://github.com/YvesMSaintDrenan/WT_PowerCurveModel.
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Figure 7: Flow chart representing the main computation steps for the estimation of a power curve from characteristics of a
wind turbine
3. Analysis of the sensitivity of the power curve to the model parameters
A sensitivity analysis was performed to assess the relative importance of the different parameters of
the model. A reference set of parameters was determined and the sensitivity of the power curve to each
parameter was evaluated by varying each parameter individually across a typical range. The set of reference
parameters and their variation interval are given in Table 1.
The present sensitivity analysis is limited to a univariate analysis: one parameter is varied at the time.
The sensitivities of the parameters are not quantified as in the Morris screening method (Morris, 1991) or
generalised sensitivity analysis (Sobol’, 1993) but only qualitatively assessed. For this purpose, the sensitiv-
ities are visually represented by lines of different colours for the different values of the varied parameters in
the plots of Figure 8.
The sensitivity of the reference power curve to variations of the rotor area and the nominal power are
displayed in the first row of Figure 8 (plots (a) and (b)). These two parameters yield the largest sensitivity to
the output power and should thus be treated with the greatest caution. However, their level of uncertainty is
negligible as they both are design parameters and most manufacturers mention them directly in the name of
the turbine (e.g. Vestas V80-2000, Enercon E82 E2/2.0MW, GE Haliade 150-6MW, Gamesa G114-2.0MW,
15
Parameters Reference value Variation interval
Rotor diameter 80 m 40 - 120 m
Nominal power 2000 kW 1500 - 2500 kW
Cut-in wind speed 3.5 m/s 0 - 5 m/s
Cut-out wind speed 25 m/s 20 - 30 m/s
Minimal rotation speed 10 rpm 0 - 15 rpm
Maximal rotation speed 30 rpm 15 - 40 rpm
Maximum Cp value 0.4615 0.3 - 0.59
(Slootweg et al., 2003)
(Heier, 2014)
Cp parameterisation (Dai et al., 2016) (Thongam et al., 2009)
(De Kooning et al., 2013)
(Ochieng et al., 2014)
(Dai et al., 2016)
Table 1: Reference values and variation intervals of the different parameters considered in the sensitivity analysis
Bonus B82/2300. . . ).
It is interesting to note that for very small rotors, the power curves move away from a cubic increase
and even decrease at high wind speed. This is due to the rotational speed that increases with decreasing
rotor area to reach the optimal TSR. As soon as the rotational speed is bounded by the maximal rotational
speed, increase of the wind speed brings about decrease of the power coefficient which can ultimately results
in a decrease of the power (blue curves in Figure 8-a).
The effects of variations of the cut-in and cut-off wind speeds on the reference wind turbine are illustrated
in the second row of Figure 8 (plots (c) and (d)). It can be observed that the cut-off wind speed has the
largest impact on the power curve while the sensitivity of the power curve to the cut-in wind speed is
moderate. Though, it should be noted that the frequency of occurrence of wind speed in the neighbourhood
of the cut-in wind speed can be high while wind speed values close to the cut-off wind speed are much less
frequent. The two wind speeds are therefore both important parameters for the estimation of the annual
energy production of a wind turbine but they both are of lesser importance compared to other parameters
such as the nominal power or the rotor area.
The sensitivities of the model output to the minimum and maximum rotation speeds are displayed in the
third row of Figure 8. It can be observed that the effect of the minimum rotational speed is limited to a wind
speed interval of 3-9 m/s while that of the maximum rotational speed can be observed for wind speed values
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Figure 8: Influence of the different parameters on the power curve. In each panel one input parameter is varied across a typical
range, as given in the panel’s legend.
close to the nominal wind speed. This is due to the fact that the rotation speed is unconstrained between
these two intervals. The effect of the maximum rotor speed is hardly visible. This is due to two reasons:
firstly, the wind speed corresponding to the maximum rotation speed is very close to the nominal speed and,
secondly, the decrease of the Cp value with the wind speed at maximal rotation speed is relatively small.
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The sensitivity of the model to the minimum rotation speed is more pronounced and should accordingly be
carefully chosen since the frequency of occurrence of the wind speed in the interval 3-9 m/s is high.
In the last row of plots, the sensitivity of the model output to the scaled Cp model and the maximal
value of the power coefficient are displayed. We rescaled the shape of the Cp model to the magnitude of Cp
values given by the model and proposed to scale the model output using the new parameters Cp,max, which
corresponds to the maximal power coefficient given by the model. This is very instructive since as can be
observed in the plots (e) and (f) of Figure 8, the power curve is not sensitive to the choice of the scaled
parameterisation but the effect of variations of the parameter Cp,max on the power curve is significant. This
shows that the choice of the Cp model is not critical but the choice of an accurate value for Cp,max is decisive
for an accurate calculation of the wind power production.
4. Statistical analysis of the most sensitive model input parameters
While parameters such as the nominal power and the rotor area are readily available for each turbine,
this is not the case for other parameters such as the maximum power coefficient or the rotor minimal and
maximal speeds. In order to address such situations, a statistical analysis of the model parameters was
performed, which can be used as guidance to the choice of unknown parameters. For this, we used the
database of wind turbines and power curves provided by thewindpower.net (2018), which includes extended
data on the main turbine characteristics. As of May 2019, this commercial database contains about 780
turbines models.
4.1. Maximum value of the power coefficient Cp,max
The value of Cp,max has been evaluated for 600 wind turbines using the power curve and characteristics
of the turbine by inverting Eq. (1) and selecting the maximum value. This process is illustrated in the two
plots of Figure 9. The power coefficient is plotted as a function of wind speed for all turbines in the left plot,
and a histogram of the maximum values for each turbine is shown in the right plot. It can first be noticed
that there are some potentially corrupted values of Cp; these will be discussed in the next section. The most
frequent value is 0.44 and 80 % of the values are between 0.4 and 0.5. A dependency of this parameter on
further characteristics such as e.g. the size of the turbine can be expected but no clear dependencies could
be identified with the available data. Based on this short analysis, we therefore recommend using a value of
0.44 when this information is not available.
4.2. Cut-in and cut-off wind speeds
The distributions of the cut-in and cut-off wind speeds of the wind turbine information contained in
thewindpower.net (2018) dataset are displayed in Figure 10. It can be observed that the cut-in wind speed
are between 1 and 5 m/s. Most values are distributed around 3 m/s with 90 % of the values between 2 and
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Figure 9: Left: Power coefficient as a function of the wind speed for the power curves available in thewindpower.net (2018)
dataset. Right: distribution of the maximal power coefficient evaluated for all available power curves.
4 m/s. The cut-off wind speed are between 15 and 30 m/s. The most frequent values are 20 and 25 m/s,
with a share of all wind turbines of respectively 12 % and 70 %. When information on the cut-in and/or
cut off wind speeds is unavailable, values of respectively 3 and 25 m/s can be recommended based on the
present analysis.
Figure 10: Distribution of the cut-off wind speed from the European dataset of thewindpower.net (2018)
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4.3. Minimal and maximal rotational speed
As can be observed in Figure 11, the minimum and maximum rotational speeds exhibit a strong depen-
dency on the rotor diameter. The same statistical analysis as those presented in the two previous subsections
could therefore not be carried out. Instead, we adopted a similar approach as that described in (Garcia,
2013) and fitted this dependency using an exponential function, which gives the two following expressions
for the minimal and maximal rotation speed as a function of the rotor diameter:
ωmin = a ·Dbrotor with
a = 1046.558b = −1.0911 (10)
ωmax = c ·Ddrotor with
c = 705.406b = −0.8349 (11)
The minimum and maximum rotation speed can be estimated with Eq. (10) and Eq. (11) when infor-
mation on these characteristics is missing.
Figure 11: Distribution of the minimal and maximal rotational speed from the European dataset of thewindpower.net (2018)
5. Validation of the parametric power curve model
A validation of the model introduced in section 2 has been conducted using the power curve of 91
wind turbines with a nominal power greater than 1 MW as provided by their manufacturers and available
in the thewindpower.net (2018) dataset. For this validation, the power curve model has been run with
specific information on the nominal power and rotor area, while other model inputs are set to the reference
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values described in section 4 and the air density is set to 1.225 kg/m3. As the level of turbulence intensity
corresponding to each power curve is unknown, they are compared to model outputs obtained with values of
the turbulence intensity ranging between 0 and 10 %. As a consequence, a quantitative validation could not
be conducted, as this unknown parameter would have to be optimised in the model (which would instead be
calibration). Rather, a qualitative validation is performed through a visual comparison of the model output
to the database of power curves, whose main outcomes are described in this section. In Figure 12, the result
of the validation is given for three wind turbines which show a close correspondence between model output
and power curve from the database. While this does not completely exclude the possibility of a systematic
modelling error, the degree of similarity across the plots suggests the model can synthesise realistic power
curves for a variety of wind turbines.
It can be observed that the best matches between model output and turbine data are obtained for
different values of the turbulence intensity: 2.5, 5 and 7.5% for the wind turbine 258, 263 and 270. As
mentioned above, information on the turbulence intensity is not available in the database, which hinders a
proper validation of the model and represents a non-negligible source of uncertainty for power estimation
made with these power curves taken from manufacturers and other sources. This highlights an advantage
of the model we present, because it allows the value of the turbulence intensity to be controlled, or varied.
This also applies to the effect of air density, allowing exploration of how the power curve evolves with the
altitude, temperature and season.
Examples of wind turbines found to have the highest difference between model and turbine power curves
in the validation are given in Figure 13. The two plots on the right side of Figure 13 show that this difference
stems from a mismatch between the maximal value of the power coefficient assumed in our model and the
actual value of a wind turbine. In one case, for turbine 408 this is possibly due to an error in the measured
power curve, which actually exceeds the Betz limit.
Such values are known to result from power curves measured with shaded anemometer (Shin and Ko,
2019). This observation highlights the need for careful screening for data quality when using power curves
from manufacturers and databases.
In the examples presented so far the shape of the power coefficient function matches with that from the
wind turbine database. However, turbine 404 in Figure 14 exhibits a different shape which does not conform
to the majority of other wind turbines. In this case, it is difficult to identify the reason for the observed
difference (modelling error, correction of the effect of turbulence intensity, shaded wind measurements. . . )
and further validation work would be needed to get a deeper insight in the performance of the model and
possible sources uncertainty on the power curves.
The different examples presented above summarise most situations encountered in the validation work.
In order to give an overview on the match between the model output and the database of power curves,
all power curves have been represented by blue lines in Figure 15. Since the error of the model principally
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occurs in region II, the power curves have been scaled by normalising them by the rotor area so that all
power curves are similar in that area. Indeed, it can be observed that many of them overlap for wind speed
values between 3 and 10 m/s. The model outputs obtained with the standard parameters but with power
to rotor area ratio of 0.25, 0.375 and 0.5 and a turbulence intensity of 5% have also been represented in this
plot.
This final analysis shows that even in cases with the largest errors, such as those presented in Figure 13
and Figure 14, the model is able to reliably reproduce the behaviour of the majority of power curves seen
across the wind industry.
6. Conclusion
We propose here an approach to estimate the power curve of a wind turbine from its main characteristics.
The present work has aggregated existing knowledge on wind turbine operation to address a current need
for energy modeling applications.
The model, with 12 parameters, offers the possibility to adapt the turbulence intensity and air density
to the actual conditions of a specific site. A sensitivity analysis has been conducted and established that
nominal power, the rotor area and the maximal Cp value as the most influencing parameters. Choosing the
nominal power or the rotor area is straightforward since these two parameters are often used to characterise
a turbine and are even frequently contained in the turbine model name. Then, a statistical analysis of the
remaining parameters was conducted to suggest default values, relying on an extensive database of turbine
characteristics. A qualitative validation has been conducted where the model output has been compared to
power curves taken from a wind turbine dataset. This validation revealed that the model yields realistic
power curves when compared to power curve from the database for most of the wind turbine model. However,
large and suspicious differences are observed for a limited number of wind turbines that would deserve further
analysis, since power it is unclear whether they result from modelling issues or data quality issues within the
database. This highlights the need for caution when using power curves found online. Another conclusion of
this validation is that the different power curves contained in the database obviously correspond to different
level of turbulence intensity. This information is generally not given and leads to an uncertainty that is
avoided by the use of our model.
The proposed model is not aimed at replacing power curve measurements campaigns as described in the
IEC 61400-12 (IEC, 2005), which are essential for the characterisation of wind turbines and the monitoring of
the energy production of a wind farm. Instead, it can represent helpful additional information to cross check
results or to provide a robust best estimate of a turbine’s performance (either for existing or hypothetical
future turbines). Its added value is clear for the estimation of the total wind power production in regions
where only a limited subset of turbine characteristics are available.
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The present approach being based on the assumption that a turbine is always operated to yield the
maximum possible output, potential improvement of the proposed model may consist in integrating control
strategies that result in sub-optimal yield production such as e.g. noise emission limitation or smooth
disconnection at cut-off. In addition, further validation work would be needed to get a better insight in the
performance and weaknesses of the proposed method.
This model offers a lot of flexibility and can therefore be used in simulation of the wind power production
in energy mix analysis. It maybe now be interesting to evaluate the impact of the different sizing parameter
on the annual energy yield of a wind turbine but also to evaluate the expected yield of future wind turbines.
Finally, to assist with the use of the parameterised model, we have developed implementations of the
model able to generate power curves in MATLAB, R and Python, which can be found as supplementary
material of this paper (https://github.com/YvesMSaintDrenan/WT_PowerCurveModel).
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Appendix A. Parametric power coefficient models Cp(λ, β)
The power coefficient Cp expresses what fraction of the power in the wind the wind turbine extracts.
This quantity is generally assumed to be a function of both tip-speed ratio and blade pitch angle. The power
coefficient can whether be evaluated experimentally or calculated numerically using BEM, CFD or GDW
models. A convenient alternative consists in using numerical approximations, and a few empirical relations
can be found in the literature. These expressions can be formulated with the general form below:
Cp(λ, β) = c1(c2/λi − c3β − c4λiβ − c5β
x − c6)e−c7/λi + c8λ
λ−1i = (λ+ c9β)
−1 − c10(β3 + 1)−1
(A.1)
Table A.2: Coefficients of the different parameterisation of Cp found in the literature
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Figure 12: Comparison of the model output with the power curves of three wind turbines which are modelled with high quality.
The three rows show the wind turbines 258, 263 and 270 of thewindpower.net (2018)
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Figure 13: Comparison of the model output with the power curves of two wind turbines which are modelled with lower quality.
The two rows show the wind turbines 429 and 408 of thewindpower.net (2018)
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Figure 14: Comparison of the model output with the power curve of wind turbine 404 of thewindpower.net (2018), which has
an unknown divergence
Figure 15: Comparison of all power curves contained in the database (blue curves) with the power output obtained for a power
to rotor area ratio of 0.25, 0.375 and 0.5 kW/m2 (red curves)
(source: thewindpower.net (2018))
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Figure A.16: Comparison of the different Cp models found in the literature for blade pitch angle values of 0, 1, 3 and 5◦
31
